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Ice marginal lakes are a dynamic component of terrestrial meltwater storage at the margin of the 
Greenland Ice Sheet. Despite their significance to the sea level budget, local flood hazards and 
bigeochemical fluxes, there is a lack of Greenland‑wide research into ice marginal lakes. Here, a 
detailed multi‑sensor inventory of Greenland’s ice marginal lakes is presented based on three well‑
established detection methods to form a unified remote sensing approach. The inventory consists 
of 3347 ( ±8 %) ice marginal lakes ( > 0.05 km 2 ) detected for the year 2017. The greatest proportion 
of lakes lie around Greenland’s ice caps and mountain glaciers, and the southwest margin of the ice 
sheet. Through comparison to previous studies, a ∼ 75 % increase in lake frequency is evident over 
the west margin of the ice sheet since 1985. This suggests it is becoming increasingly important 
to include ice marginal lakes in future sea level projections, where these lakes will form a dynamic 
storage of meltwater that can influence outlet glacier dynamics. Comparison to existing global glacial 
lake inventories demonstrate that up to 56% of ice marginal lakes could be unaccounted for in global 
estimates of ice marginal lake change, likely due to the reliance on a single lake detection method.
The Greenland Ice Sheet (GrIS) contains a considerable amount of the world’s fresh water resources, with its 
mass loss raising sea levels by 13.7 mm since 1979 and a possible contribution of ∼ 70–126 mm by  21001–4. A 
large amount of the GrIS drains to a terrestrial margin, where meltwater can form large reservoirs that delay the 
outflow of meltwater to the ocean and alter its biogeochemistry. This is also understood to buffer melt contribu-
tion to the sea level budget, with meltwater partially being stored on land in endorheic  reservoirs5–8.
Ice marginal lakes form a dynamic component of terrestrial meltwater  storage9. Proglacial lakes (including 
ice marginal lakes) currently hold up to 0.43 mm of sea level equivalent globally, which remains unaccounted 
for in present sea level change  estimates10. Ice marginal lakes form at the fringes of glaciers and ice sheets where 
the outflow is dammed or restricted; for instance, by the ice itself or a moraine. Ice marginal lakes can burst and 
cause catastrophic flooding when the water level in these lakes reaches a critical level or the lake dam  fails11–14. 
Such events are known as jökulhlaups (the Icelandic term) or Glacial Lake Outburst Floods (GLOFs). Beside this 
natural hazard potential for local residents and infrastructure, GLOFs can drastically affect the downstream land-
scape and  ecosystems15 through abrupt influxes of suspended  sediment16, water salinity  changes17, and enhanced 
erosion and  deposition18–20. For example, the large flux of sediment and freshwater from GLOF events at Russell 
Glacier, SW Greenland, have been known to disrupt fisheries downstream near the settlement of  Kangerlussuaq21.
Recent studies have indicated that the number of ice marginal lakes in Greenland has increased over the past 
three decades, inundating larger areas of the terrestrial  landscape10,22. In turn, the dynamics of GLOF events have 
also changed, for example GLOF frequency and GLOF water  routing19,23,24. Changes in Greenland’s ice marginal 
lakes will undoubtedly have repercussions for future sea level, with future GrIS melt predicted to cause GLOFs 
that have the potential for mega-flood type  impacts14. It is therefore of paramount importance to monitor ice 
marginal lakes to better understand the future impacts on Greenland’s terrestrial and marine landscapes, eco-
systems, and human activities (e.g. hydropower and tourism). In order to adequately monitor ice marginal lake 
change, a Greenland-wide inventory is needed to provide a baseline for a related change assessment.
In spite of focused research on individual ice marginal lakes and regional studies, there is currently a lack of 
Greenland-wide research into ice marginal lakes. Lake changes have previously been monitored in detail over 
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small areas using in situ  measurements11 and remote  sensing25,26, along with forecast modelling to predict future 
 dynamics13. Remote sensing approaches have also proved advantageous for monitoring water bodies over large 
regions of Greenland, such as spectral indices generation from optical and infrared  imagery27, classification from 
radar  imagery28, and sink detection from Digital Elevation Models (DEMs)29. However, each of these remote 
sensing approaches has known limitations. For example, ice cover on lakes is understood to limit classification 
from optical and SAR  imagery28. Therefore, reliance on a single approach can introduce uncertainty through 
mis-classification, or  underestimation30. An ensemble approach that combines these methods is essential to 
successful classification of ice marginal lakes over whole regions with a high degree of  certainty31.
This study presents a comprehensive, Greenland-wide inventory of ice marginal lakes for the year 2017 using 
a multi-sensor and multi-method approach. Three well-established approaches were used to classify water bodies: 
(1) multi-temporal backscatter classification using Sentinel-1 synthetic aperture radar (SAR) imagery (hereafter 
referred to as S1); (2) multi-spectral indices classification using Sentinel-2 optical imagery (S2); and (3) sink 
detection using the ArcticDEM (ADEM). The results from these approaches were subsequently compiled and 
quality-checked to produce the 2017 Inventory of Ice Marginal Lakes (IIML).
Results
Inventory overview. Overall, 4530 polygon features were detected with many overlapping and corre-
sponding to the same ice marginal lake under the combination of the three independent detection methods. 
Disregarding multiple counting of overlapping polygons, the IIML indicates that there were 3347 ( ±8 %) unique 
ice marginal lakes above a minimum area of 0.05 km 2 (derived as an average of overlapping polygons) in Green-
land in 2017 (Fig. 1). The inventory consists of lakes formed at the ice sheet margin and the margin of Green-
land’s peripheral ice caps and mountain glaciers. This also includes lakes formed around nunataks within 1 km 
of the ice sheet margin, based on a modified version of the MEaSUREs GIMP (Greenland Ice Mapping Project) 
15 m ice mask (see “Methods” section for more details). A large majority of ice marginal lakes in the inventory 
are nameless, with 3194 (95%) unnamed lakes in the IIML based on the Language Secretariat of Greenland 
(Oqaasileriffik) placename database.
The highest number of ice marginal lakes are generally present at the longest land-terminating sections of the 
GrIS, namely the southwest margin (SW, Fig. 1) and the northeast margin (NE), and the surrounding ice caps 
and mountain glaciers (IC). Ice marginal lakes are most abundant around the IC sector, accounting for 28% of 
the inventory (948 ice marginal lakes). The SW margin is the most densely populated section of the ice sheet 
margin for ice marginal lakes with an average spacing of 5.85 km between each lake (Fig. 2), and includes the 
fourth largest of the inventory, Kangaarsuup Tasersua (KT, Fig. 2b).
The least number of ice marginal lakes occur along the central west margin (CW), with only 144 lakes 
detected; typically forming in the proglacial area or at the lateral margins of ice sheet outlets such as Eqip Sermia, 
Store Glacier (also known as Sermeq Kujalleq) and Lille Glacier (also known as Sermeq Avannarleq) (Fig. S1). 
Despite the southeast (SE) being the longest margin at 14,911 km, it is one of the least lake-populated sections 
with only 385 ice marginal lakes at an average distancing of 39 km.
Ice marginal lakes are typically smaller than 0.5 km 2 , with 2663 lakes (80%) falling within a range between 
0.05 and 0.5 km 2 and only 424 lakes larger than 1.00 km 2 (Fig. S2). The largest named ice marginal lake of the 
2017 inventory is Romer Sø ( 130.87 km 2 ), where the piedmont glacier Elephant Foot Glacier terminates. The 
second largest ice marginal lake is Inderhytten ( 112.02 km 2 ), a substantial lake at the terminus of Sælsøgletsjer 
at the NE margin (Fig. 3). The third largest is an unnamed lake ( 91.58 km 2 ) along the SW margin, approxi-
mately 100 km south of the settlement of Kangerlussuaq. The largest ice marginal lakes are generally found in 
the northern region of the ice sheet margin, with an average area of 1.47 km 2 ( 0.23 km 2 median; 5.76 km 2 
standard deviation., Table S1) along the north margin (NO), and an average area of 1.29 km 2 ( 0.22 km 2 median; 
4.00 km 2 standard deviation, Table S1) along the NE margin.
Performance of the methodologies. The majority (74%) of the polygons in the IIML were identified 
using only one method, with over half of these instances being ADEM-only (Table S2). Where an ice marginal 
lake was detected using two methods (22%), S2 polygons were generally detected along with another method 
(making up 723 of 744 of these instances). There are few polygons detected from both ADEM and S1 (21 lakes), 
which is likely to reflect the larger number of S2- and ADEM-derived ice marginal lakes in the IIML. Only 199 
ice marginal lakes (4%) were detected using all three methods. Successful identification with all three methods 
appears to have no visible correlation with lake form or size, but varies according to each section of the GrIS 
margin, with the most effective detection occurring along the SW and CW margins (Fig. 4).
From examining the outlines where ice marginal lakes were detected successfully with all three methods, 
S1- and S2-derived lakes unsurprisingly had the smallest difference in extent given that these methods detect 
water presence directly, with an average areal difference of 0.14 km 2 (Table S3). Larger areal differences are 
evident when comparing the ADEM-derived lakes to the S1- and S2-derived lakes, with an average difference of 
0.36 km 2 (64%) and 0.25 km 2 (49%), respectively. Taking the maximum and minimum detected extents for each 
lake, this produces an average area difference of 0.37 km 2 , equating to an areal range of 70% for each lake. This 
suggests that the number of methods that successfully identified an ice marginal lake can be used as a measure 
of certainty, where ice marginal lakes detected from all three methods (ADEM, S1, S2) denote the highest level 
of certainty in lake presence. However, this does not necessarily reflect the lake outline accuracy, given that the 
outlines are derived from different time steps.
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Discussion
Multi‑sensor detection methods are needed to encompass latitudinal range of Green‑
land. Successful identification of ice marginal lakes using all three methods used in this study varies accord-
ing to region, with most effective detection occurring at the SW and CW margins (Fig. 4). Of the 681 ice mar-
ginal lakes identified at the SW margin, 248 were detected through two or more sources (36%); as were 73 of the 
144 lakes at the CW margin (i.e. 51%) (Table S1). This could be indicative of optimum conditions for detecting 
ice marginal lakes (e.g. lack of ice cover) in these regions compared to others.
Other regions are largely composed of lakes detected with just a single source, such as the high abundance 
of ADEM-only detected lakes at the NO margin (100 lakes, 40%) and the NE margin (373 lakes, 54%) (Fig. 4, 
Table S1). A strength of the ADEM method compared to the S1 and S2 methods is detecting lake basins where 
the lake is either partially or completely covered with  ice29. This is particularly important in the high-latitude 
regions or lakes within a topography with a northern aspect, where ice cover is known to persist throughout the 
melt season. Such areas are understood to be notoriously challenging for lake classification from optical and SAR 
imagery due to persistent ice cover, even during the summer  season10,34. The IIML results reflect this, with the 
difference in successful lake classification across each region indicative of the large latitudinal range of climatic 
conditions along Greenland. The inclusion of the ADEM method in this study is therefore crucially important, 
with ADEM-derived lakes making up nearly half of all the lakes detected across the northern region. These high 
latitude lakes would otherwise be unaccounted for in optical and/or SAR-derived lake classifications, and would 
result in a marked under-representation of ice marginal lakes in Greenland.
Figure 1.  Overview of the 2017 ice marginal lake inventory of Greenland, where each defined point represents 
one unique ice marginal lake. Ice sheet basins are based on those classified as ice catchments by Mouginot and 
 Rignot32, with blue points denoting lakes sharing a margin with the ice sheet. Ice marginal lakes adjacent to 
Greenland’s ice caps and mountain glaciers are those points in orange, corresponding to the sector statistics 
(IC). Figure generated with ArcGIS Pro (v2.6.1, https ://www.esri.com/en-us/arcgi s/produ cts/arcgi s-pro/)66.
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Increasing ice marginal lake abundance in West Greenland. The 2017 IIML represents ice mar-
ginal lakes for a discrete time period. The dynamical change of these ice marginal lakes can be better explored 
when compared to pre-existing datasets, such as those derived from optical Landsat 4–8 imagery by Carrivick 
and  Quincey22 for selected years between 1985 and 2011 (1985–1987, 1992–1994, 1999–2001, 2004–2007, and 
2009–2011) over the SW and CW margin of the GrIS (excluding IC) (Fig. 5a). A subset of the IIML covering the 
same study region is presented for the purpose of this comparison, weighted to the S1- and S2-derived lakes (as 
they are detection methods based on the principle of lake inference from water presence, as adopted by Carrivick 
and  Quincey22). This subset generally reflects the method breakdown of the entire IIML, with 60% of lakes clas-
sified using one method and 40% derived from two or three methods.
A total of 387 ( ±6.5 %) ice marginal lakes were identified along the west margin in the 1985–1988 inventory, 
whilst 678 ( ±8 %) lakes have been identified in the 2017 IIML; suggesting a ∼ 75 % increase in the number of 
lakes along the west margin over the past three decades (Fig. 5b). Minimal changes in total lake area are evident 
along the west margin. However, there is a decreasing trend in individual lake area, with average area decreas-
ing from 1.82km 2 (1985–1988) to 0.95km 2 (2017) and median area decreasing from 0.22km 2 (1985–1988) to 
0.16km 2 (2017). This trend reflects marked variations in the abundance of small lakes (i.e. 0.05–0.15km 2 ), and 
is suggested to be a possible explanation for the trend in total lake area (Fig. S3). The spatial resolution of these 
datasets differ—Carrivick and  Quincey22 primarily used 30 m Landsat imagery whereas the IIML uses data with 
a spatial resolution ranging from 5 to 10 m. However, the trend in lake abundance evident in this comparison 
is unlikely to be directly attributed to a difference in spatial resolution, given that the minimum lake area is 
0.05km 2 in both these records. This comparison therefore suggests an increase in lake abundance across the 
west margin of the GrIS.
Figure 2.  Ice marginal lakes over a selected section of the SW ice sheet margin, where (a) lake area, (b) lake 
shape determined by each method (as described in the “Methods” section), and (c) detection method are 
presented. Ice, land and ocean are displayed in white, grey and light blue, respectively. The ice margin shown is a 
modified version of the MEaSUREs GIMP ice  mask33. The largest lake of this region (Kangaarssuup Tasersua) is 
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Carrivick and  Quincey22 proposed that the changes between 1987 and 2010 were inherently linked to the 
0.8% year-1 mean percentage change in ice sheet surface  melt35. The results from the 2017 IIML suggest that 
increasing lake abundance likely reflects the enhanced retreat of the ice margin, with formation occurring in 
front of retreating outlets. Future lake formation is likely to be concentrated in regions where marine-terminating 
outlets retreat on to land, as the terrestrial margin length will increase and hold a sinuous  form36. Ice marginal 
lakes will therefore form a crucial component in the dynamics of these outlets during this transitional  phase37,38. 
Additionally, the dynamics of Greenland’s terrestrial store of freshwater will alter if this trend of increasing lake 
abundance with decreasing size continues into the future. This could possibly influence the transfer of freshwater 
from the GrIS to the ocean, not only affecting melt contribution to the sea level budget, but also with likely effects 
on Greenland’s freshwater resources, ecosystems and biogeochemical  fluxes39,40.
High sensitivity in records of remotely‑sensed ice marginal lake change. The multi-method 
approach to this study has shown how the choice of method strongly impacts the number of lakes detected; for 
instance, 49% of the IIML is derived using the S2 optical method alone. Recent studies into glacial lake change 
have relied solely on optical classification approaches, such as the global inventory of glacial lakes presented 
by Shugar et al.10 The glacial lake inventory presented by Shugar et al.10 (including ice caps and ice sheets, and 
consisting of ice marginal, recently detached proglacial, and near-terminus supraglacial lakes) implemented a 
NDWI and NDSI (Normalised Difference Snow Index) approach to classify lakes within a 1 km buffer of the ice 
margin. The glacial lake inventory suggested an overall increase of 53% in the number of lakes between 1990–
1999 (9414 lakes) and 2015–2018 (14,393 lakes), with a total area growth of 51%. Of those glacial lakes detected 
in Greenland in 2015–2018, only 44% corresponded with ice marginal lakes from the current study (the IIML), 
suggesting that up to 56% of ice marginal lakes in Greenland remain unaccounted for in current global estimates. 
Figure 3.  Ice marginal lakes over a selected section of the NE ice sheet margin, where (a) lake area, (b) 
lake shape determined by each method (as described in the “Methods” section), and (c) detection method 
are presented, including the second largest lake of the IIML, Inderhytten (black box). Ice, land and ocean 
are displayed in white, grey and light blue, respectively. The ice margin shown is a modified version of the 




Scientific Reports |         (2021) 11:4481  | https://doi.org/10.1038/s41598-021-83509-1
www.nature.com/scientificreports/
Whilst this could be a result of the differing resolutions of the IIML (10 m spatial resolution for 2017) and the 
glacial lake inventory from Shugar et al.10 (30 m spatial resolution for 2015–2018), it is also likely that the wider 
range of classification approaches used in the IIML results in better lake identification under varying environ-
mental and imaging conditions, such as the challenges with cloud cover in optical satellite scenes, ice-covered 
lakes, and lake water turbidity. This highlights a trade-off between classification accuracy and study feasibility, 
where multi-method implementations for producing global datasets demand more time and processing power 
at the expense of reduced accuracy.
Figure 4.  The number of detection methods that successfully classified each ice marginal lake, split by region 
with percentage breakdowns of each combination of detection methods (see Table S1 for further details). Ice 
sheet basins are based on those classified as ice catchments by Mouginot and  Rignot32. Figure generated with 
ArcGIS Pro (v2.6.1, https ://www.esri.com/en-us/arcgi s/produ cts/arcgi s-pro/)66. *IC denotes ice marginal lakes 
found at the margins of Greenland’s ice caps and mountain glaciers.
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Greenland-wide estimates of ice marginal lake extent are highly sensitive to mis-classifications. For example, 
Inderhytten is the second largest ice marginal lake in Greenland (as shown in Fig. 3) at 112.02km 2 according to 
the IIML. However, Inderhytten is not included in the glacial lake inventory presented by Shugar et al.10 because 
it is ice covered for the majority of the year and lies at an elevation below the threshold of their classification ( < 5 
m a.s.l.). The absence of Inderhytten would modify the dataset substantially if left out of the IIML, skewing the 
average lake size and total area of the dataset by 4%. Such a substantial impact on Greenland-wide estimates not 
only draws attention to the problem of mis-classifications, but also demonstrates the potential of implementing 
multi-sensor and multi-method approaches in lake detection to reliably and accurately define ice marginal lake 
change.
Conclusions
The Greenland-wide inventory of ice marginal lakes uncovers 3347 ( ±8 %) unique lakes (above 0.05km 2 ) in 2017, 
using a multi-method approach incorporating backscatter classification from Sentinel-1 satellite imagery, multi-
spectral indices classification from Sentinel-2 satellite imagery, and sink detection from the high-resolution Arc-
ticDEM. The average lake size of the entire inventory is 0.88km 2 with the largest being Romer Sø (130.87km 2 ), 
situated on the NE margin of the GrIS. A high number of lakes are around Greenland’s ice caps and mountain 
glaciers, and along the SW margin of the ice sheet, collectively accounting for nearly half (49%) of the inventory.
The multi-method approach provides an effective means of evaluating the certainty of each detected ice 
marginal lake. Overall, 26% of the inventory was identified with two or more methods, with a high majority of 
those identified using the sink detection method. Successful identification with all three methods has no correla-
tion with lake form or size, but does appear to be region-dependent with the most effective detection occurring 
along the SW and CW margins. This likely reflects the optimum climatic conditions in these regions, such as 
the lack of summer ice cover.
Greenland-wide estimates of ice marginal lake change are impeded by method limitations in remote sensing, 
which can lead to mis-classifications and under-representation of lakes. Comparison to a recent global glacial 
Figure 5.  Change in ice marginal lakes along the west margin of the GrIS, where (a) shows the west margin 
sector and (b) the ice marginal lake time-series from 1985 to 2017. The square point plot (top) denotes average 
lake area, the circle point plot (middle) shows total lake area, and the bar plot (bottom) depicts lake count. All 
inventories between 1985–1988 and 2009–2011 (blue) are as presented by Carrivick and  Quincey22. Data points 
from 2017 are a subset taken from the IIML presented in this study (orange). The subset covers the same sector 
of the west margin, where the S1- and S2-derived lakes are preferenced as alike methods to the Landsat-derived 
lakes, based on the principle of lake inference from water presence. The 2017 values presented are an average of 
the subset with and without ADEM-only lakes, thereby preferencing S1- and S2-derived lakes, but still including 
lakes identified using the ADEM method.
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lakes inventory suggests that over half of ice marginal lake changes could be unaccounted for in current global 
estimates, with only 44% of lakes from the IIML (presented in this study) accounted for in a global glacial lake 
 inventory10. The lake detection and filtering methods have to be carefully selected and might not be applicable 
to all regions in the same combination. For Greenland, only the multi-sensor and multi-method approaches 
applied here provided satisfactory results and a solid baseline dataset for change assessment. This highlights the 
power and potential that the increasing availability of high-resolution global satellite remote sensing datasets 
from different sensors (optical, radar, stereo etc.) and the improving computational possibilities to process and 
analyse such big amounts of data offers for environmental mapping and monitoring in general.
Lake change analysis along the west margin of the GrIS suggests a ∼ 75 % increase in the number of ice 
marginal lakes over the past three decades since  198522. This trend likely follows increases in melt runoff and 
the retreating ice margin, with new lake formation occurring in front of retreating outlets. This suggests that ice 
marginal lakes will be of growing importance to the terrestrial store of water in Greenland. Glacier dynamics 
and mass balance are also influenced by lake termination, hence lake evolution can have significant effects on ice 
flow and melt and is not just a passive result of changes in ice margin position. Not only will ice marginal lakes 
likely be a significant dynamic component in future sea level contribution from the GrIS, but they will also have 
implications for freshwater resource management and ecosystems in Greenland which need to be examined in 
long-term monitoring strategies. Overall, this inventory provides a benchmark to conduct further analysis from, 
and develop our understanding of ice marginal lake dynamics on a Greenland-wide scale.
Methods
Sentinel‑1 multi‑temporal backscatter classification. Open permanent water bodies were identified 
from Sentinel-1 SAR images acquired during 2017. Over Greenland, Sentinel-1 was operated in the Interfero-
metric Wide Swath (IWS) mode at Horizontal–Horizontal (HH) and Horizontal–Vertical (HV) polarisation 
with a repeat-pass of 12 days. The SAR images were provided by the European Space Agency (ESA) in Ground 
Range Detected (GRD) format with a pixel size of 10 m. Each image was averaged to the original spatial resolu-
tion of the data (20 m) and calibrated to gamma0 using an ArcticDEM  mosaic41. Each image was then trans-
formed from the radar acquisition geometry to the map geometry using a geocoding look-up table, created 
using the orbital information, SAR image processing parameters, and the ArcticDEM  mosaic42,43. The geocoded 
images were finally tiled to a predefined grid of 100× 100 km large blocks for easier data handling. From the 
individual images of the SAR backscattered intensity, monthly averages per polarisation (AVE) were derived to 
overcome the issue of speckle noise in a single image:
where Ii is the SAR backscatter, and i is between 1 and N (i.e. the number of SAR observations at a given pixel 
in a given month, for a given polarisation).
Water bodies were detected using an ensemble-bagged tree classifier applied to the set of 24 predictors 
consisting of the 12 monthly SAR backscatter average values for each polarization. Including the entire time 
series of observations in the classifier served to reduce water commission errors introduced by wet snow and ice 
conditions, in which case the SAR backscatter is similar to the level observed over open  water44. The classifier 
was trained with samples extracted from a water classification of SPOT images covering the Disko Bay. Lacking 
a similar dataset for the rest of Greenland, it was assumed that the classification rules based on the Disko Bay 
area would be equally applicable throughout the country.
Classification errors were limited through a set of post-processing steps which included the removal of iso-
lated pixels and polygons smaller than 15 pixels, and removal of water bodies located on slopes steeper than 10◦ 
according to the ArcticDEM  mosaic44,45. This 15-pixel threshold was determined from testing with increasing 
thresholds, where 15 pixels turned out to be the optimum value for adequate removal of false detection whilst 
preserving small positive classifications.
Sentinel‑2 multi‑spectral indices classification. Standard TOA (Top-Of-Atmosphere) Sentinel-2 L1C 
scenes were used in this study because standard surface reflectance products were not available at the time of 
processing. The standard TOA scenes were used as atmospheric corrections over Greenland are complex and 
have a risk of introducing sources of  error46. Scenes were automatically selected based on cloud cover ( < 50 %) 
over July and August 2017 in order to limit lake ice and snow cover and maximise successful water classification. 
These Sentinel-2 scenes were processed in the local UTM projection (UTM Zone 24N), and bands 11 and 12 
were re-sampled from 20 to 10 m using a nearest neighbour approach.
Water bodies were classified using a multi-terrain and multi-spectral indices approach through the processing 
chain as demonstrated in Fig. 631,47. The multi-terrain indices consists of a slope and aspect index calculated from 
sun geometry (available in the scene metadata) in relation to topography slope and  aspect48. The multi-terrain 
indices distinguishes regions at risk to false positive detection caused by topographic shadowing and sun glint, 
and are subsequently masked  out31,49.
The multi-spectral indices are a collection of well-established spectral indices—NDWI, MNDWI, AWEIsh, 
AWEInsh and brightness (Table 1)—which are passed through a multi-layer decision tree classification to clas-
sify water bodies (Fig. 6). A coarse brightness threshold (more typically referred to as grayscale transformation) 
is applied, which acts as a simple initial filter for removing regions where highly reflective snow and ice are 
present. The NDWI and MNDWI are highly effective at detecting optically clear water bodies not affected by 
 shadowing47,49–51. The AWEIsh and AWEInsh indices are effective at detecting and preserving water bodies with 
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higher sediment loads, such as those with a high percentage of glacial rock  flour52. In combination, the multi-
spectral indices are an effective approach to successful water classification by utilising the strength of each index. 
After applying a threshold-based filtering to each of the indices, a series of post-processing stages were applied. 
These post-processing stages included raster-to-polygon conversion of the classified water bodies, applying an 
ocean mask, merging the overlapping polygon features, and applying a minimum area threshold of 0.05km 2 to 
the merged polygons.
Figure 6.  Flow diagram presenting the processing chain for classifying ice marginal lakes from Sentinel-2 
imagery, including terrain indices generation using a DEM and multi-spectral indices thresholding, which is 
compiled through a decision tree classifier to extract water bodies.
Table 1.  Description of each of the spectral indices used in this study and their detection strengths.
Index Expression (Sentinel-2 bands) Strengths and target References
NDWI (normalised difference water index) ( B3 − B8)/(B3+ B8) Water and shadow, sediment-loaded water and snow/ice McFeeters53
MNDWI (modified normalised difference water index) (B3− B11)/(B3+ B11) Water and snow and ice Xu54
AWEIsh (automatic water extraction index shadow) B2+ 2.5 ∗ B3− 1.5 ∗ (B8+ B11)− 0.25 ∗ B12 Sediment-loaded water Feyisa et al.52
AWEInsh (automatic water extraction index no shadow) 4 ∗ (B3− B11)− (0.25 ∗ B8+ 2.75 ∗ B12) Sediment-loaded water Feyisa et al.52
Brightness (B4+ B3+ B2)/3 Snow covered areas –
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ArcticDEM sink detection. Basins were classified from the ArcticDEM 10 m mosaic (Release 7, Version 
3.0, https ://www.pgc.umn.edu/data/arcti cdem/) using a sink detection approach, commonly used for extracting 
large-scale topographic structures such as watersheds, streams and  depressions55. The ArcticDEM is derived 
from high-resolution commercial optical stereo satellite imagery, generated through an adapted version of the 
automated Ames Stereo  Pipeline56,57. The ArcticDEM mosaic is comprised of strip data acquired between 2009 
and 2017, which is averaged, filtered and validated against filtered IceSAT altimetry data. Whilst the ArcticDEM 
mosaic does not represent a discrete time step, it was included in this study over the raw strip data because of the 
known limitations with using the strip data, namely limited accuracy, heavy reliance on validation datasets, and 
inhibited study  feasibility58,59. Therefore, basins detected from the ArcticDEM mosaic reflect a temporal average 
and are not indicative of conditions at a specific time.
Sinks were defined by filling topographic depressions in the DEM to its pour point (i.e. the minimum eleva-
tion along its watershed boundary), following which the original DEM elevation value was subtracted from the 
depression-filled DEM elevation  value60. Shallow sinks ( < 5 m deep, or < 0.05 km 2 areal extent) were filtered to 
remove mis-classifications and water bodies with an insignificant water drainage volume, and limit the risk of 
discounting sinks that are consistently at, or exceeding, their pour  point25.
Dataset compiling. The water bodies derived from each approach (S1, S2 and ADEM) were combined and 
filtered in a semi-automated fashion. Water bodies were masked using a 1 km buffer around a modified version 
of the MEaSUREs GIMP 15 m ice mask (produced from a 1999 to 2001 image mosaic, https ://nsidc .org/data/
NSIDC -0714/versi ons/1)33,61. The ice mask was modified manually using coinciding Sentinel-2 imagery and a 
Landsat 8 image  mosaic62 to update marked changes in the ice margin and outlet positions. Finally, the inven-
tory was filtered and verified manually for quality purposes, as is standard practise in similar studies such as 
those looking at the  Himalaya63–65. Detected features were removed from the inventory if they were not water 
filled or did not have any visible sign of drainage (such as waterline marks), based on manual validation against 
coinciding Sentinel-2 optical imagery. Following this, the dataset was populated with the appropriate metadata 
including detection method/s, basin location (based on those defined by Mouginot and  Rignot32, https ://nsidc 
.org/data/NSIDC -0714/versi ons/1), and lake name (provided by the Language Secretariat of Greenland, Oqaa-
sileriffik, placename database).
Error estimation. Error analysis was conducted to estimate the certainty of lake presence in the IIML (i.e. 
lake frequency). Four discrete 10,000km 2 regions were selected to conduct the error analysis, covering the NE, 
NW and SW margins, and including the IC sector. Two independent users manually defined ice marginal lakes 
in each of these regions, using cloud-free Sentinel-2 imagery captured within the acquisition period that the 
IIML was derived (01/08-13/09/2017). The users defined an ice marginal lake using a single annotated point 
overlapping with the location of the lake on the Sentinel-2 image. The user-defined ice marginal lakes were com-
pared to those from the IIML to determine differences in the number of lakes present in each region. A success-
ful match is deemed as a user-defined point that is either overlapping or within 10 m of a polygon from the IIML. 
Each region in the error analysis had an average of 68 lakes present, with a maximum number of 100 lakes, as 
defined by the two users. There was minimal discrepancy between the users, with an average difference of three 
lakes per 10,000km 2 region. User-defined lakes below a surface area of 0.05km 2 were then removed to match the 
size threshold of the IIML. Overlap analysis was performed to determine corresponding lakes between the user-
defined datasets and the IIML. Overall, the IIML captured 92% of the user-defined ice marginal lakes. This forms 
an error estimate for lake frequency in the IIML of ±8 %, or ±201 lakes, as reported in the presented results.
Data availability
The 2017 inventory of ice marginal lakes is a data product under the ESA Glaciers CCI (Climate Change Initia-
tive), freely available through the CEDA (Centre for Environmental Data Analysis) Archive at https ://catal ogue.
ceda.ac.uk/uuid/7ea75 40135 f4413 69716 ef867 d2175 19.
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